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Abstract
The aim of this study was to evaluate the reproducibility of voxel-wise tempo-
ral signal-to-noise ratio (tSNR) on repeated scans across runs, sessions, and
days. A group of 21 participants was scanned 16 times (4 runs per session, 2 ses-
sions per day, 2 separate days) in a functional magnetic resonance imaging
(fMRI) study on a 3T Philips Achieva scanner. For each run, we calculated t-
value and tSNR maps. To ascertain that the results were not specific to the
scanner, one volunteer was scanned with four fMRI runs in a single session on
the above 3T Philips scanner as well as a 3T Siemens Prisma scanner. The coef-
ficient of variation of voxel-wise tSNR across the 16 repeats was up to 25%,
while the range relative to the mean of all observations was up to 80%. The
voxel-wise variability of tSNR on the two different scanners was similar, indi-
cating a general issue. Despite its use in evaluating the quality of fMRI data,
we found only a weak relationship between tSNR and t-values. There is very
high variability in voxel-wise tSNR, which should be considered while plan-
ning future studies that aim to identify small and focal fMRI effects or the ben-
efits of incremental improvement in methods.
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1 | INTRODUCTION
The reproducibility of scientific inquiry is becoming an
increasingly hot topic.1,2 A recent survey found that
an alarming proportion (70% of 1576) of scientists have
tried, but failed, to reproduce their own or others'
results.3 Reproducibility has been a focal discussion point
also in (functional) magnetic resonance imaging (MRI)4–9
(see also the 2019 special issue of Neuroimage on “Repro-
ducibility in Neuroimaging”).
The reliability of functional MRI (fMRI) has been repeat-
edly tested7,10–16 and its best practice widely discussed.8,17–21
Received: 26 November 2020 Revised: 26 April 2021 Accepted: 27 May 2021
DOI: 10.1002/ima.22617
This is an open access article under the terms of the Creative Commons Attribution-NonCommercial-NoDerivs License, which permits use and distribution in any
medium, provided the original work is properly cited, the use is non-commercial and no modifications or adaptations are made.
© 2021 The Authors. International Journal of Imaging Systems and Technology published by Wiley Periodicals LLC.
Int J Imaging Syst Technol. 2021;1–12. wileyonlinelibrary.com/journal/ima 1
Some investigators have concluded that fMRI results were
sufficiently reproducible,10,11,15 while others have concluded
that the state-of-the-art needed improvement.7,13 However,
to make effective improvements to scanner design, acquisi-
tion methods, or image processing, we need a reliable out-
come measure of fMRI data quality for evaluating the
potential benefits of the newmethods.
One line of thinking advocates t-values as such a
measure and previous efforts used t-values to investigate
reproducibility of fMRI results. Still, t-value maps
depend on the model choice at both single subject and
group level and show poor test retest reliability13,14 even
for large-scale datasets like the Human Connectome
Project.7 Similar to those reports, we found large
FIGURE 1 MIP examples from
different participants and regions of
interest (ROIs). The t-value maps are
outputs of the first level analysis in
SPM12. All four sessions are provided in
both ROIs but focus on a different
functional magnetic resonance imaging
(fMRI) run (i.e., Run 1 or Run 2) for
each of the two participants. The t-value
threshold was 2.33 with p < 0.01
uncorrected. The scatter plots inset in
the t-value maps for Sessions 2–4 show
the correlations between voxel-wise
t-values in that session and Session
1. The plots show the relationship
between t-values in all voxels within the
ROIs without applying any threshold
for t-value magnitude
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differences when comparing t-maps of fMRI runs from
different sessions in our study (Figure 1).
Thus, we need a more reliable measure of data quality
for fMRI studies. Here, we discuss and investigate the possi-
bility of using the temporal signal-to-noise ratio (tSNR) to
this aim. Often tSNR is measured from images of a water or
gel phantom.22,23 However, in vivo data are also necessary—
for example, to investigate physiological noise,24 compare
acquisition parameter settings,25 evaluate MRI sequence
variants,26 or optimize multiecho fMRI acquisitions.27
Let us consider a thought experiment in which the flip
angle of an excitation pulse is varied for an fMRI study with
TR = 0.5 s, which is common with multiband imaging.28
Although a theoretically straightforward calculation provides
the flip angle (i.e., the Ernst angle) for optimal SNR, the
practical implementation is not trivial, because it requires a
reliable estimate of T1 relaxation time. Apart from the chal-
lenges of obtaining reliable voxel-wise in vivo T1 maps, we
must also consider that this measure is spatially variable
across the cortex. At first, a practical approach seems reason-
able. Assuming that T1 for gray matter (GM) is between 1.0
and 1.5 s, which would lead to Ernst angles between 42 and
53, we may plan repeated experiments while incrementally
changing the excitation flip angle. Then measuring the tSNR
for the acquired data in the relevant area of the cortex
should identify the optimal flip angle. This optimization pro-
cess, however, is only reasonable if we know the voxel-wise
reproducibility of tSNR so that an appropriate power calcula-
tion could be carried out prior to such an experiment.
Despite its wide use as a measure of quality, the
voxel-wise reproducibility of tSNR has not been inves-
tigated thoroughly—especially for in vivo settings.
However, without a reliable estimate of its reproduc-
ibility, it can be error-prone to utilize tSNR for identify-
ing an improvement in methods or data quality.
Furthermore, underestimating the variability of tSNR
(i.e., overestimating statistical power) in a study that
uses a small sample size (as is common in neuroimag-
ing studies) leads to unreliable statistical inference.29
Therefore, the main aims of this study were to assess
the voxel-wise reproducibility of in vivo tSNR and the
relationship between tSNR and subject-level t-values in
an fMRI study.
2 | METHODS
2.1 | Data acquisition
2.1.1 | Participants
Two different data sets were acquired with ethics
approval of the relevant governing bodies in Switzerland
and Hungary. Each participant in both data sets signed
a written informed consent form. DataSet_1_Group
included 21 female participants with a mean age of
25 years, scanned in four different sessions: on two dif-
ferent days during two cycle phases (preovulatory/
postovulatory) and two different times of each day with
different satiety states (fasted/fed). DataSet_2_Compare
involved one adult male participant (44 years), scanned
in a single session on two different scanners.
2.1.2 | Imaging protocol
DataSet_1_Group was collected on a 3T Philips Achieva
MRI scanner (Philips Healthcare, Best, The Netherlands)
with the vendor's eight-channel (SENSE) head coil.
Each scanning session contained four fMRI runs of
5.5 minutes each. The T2*-weighted echo-planar images
were acquired with two, slightly different repetition times
(TR) of 2370 or 2381 ms (because of a scanner software
upgrade), echo time (TE) of 30 ms, flip angle of 90,
40 oblique slices in ascending order with 0.5 mm gap,
angulation of 20 along the LR axis, 3 mm isotropic
voxel size and field of view (FOV) of [240 mm (AP),
139.50 mm (FH), 240 mm (RL)]. Each session also
included a dual gradient-echo Bo field map with TR/TE1/
TE2 of 474/4.3/7.4 ms, flip angle of 44, a total of
42 oblique slices, 3 mm isotropic voxels and FOV
of [240 mm (AP), 156.75 mm (FH), 240 mm (RL)]. One
of the four sessions also included a 3D T1-weighted ana-
tomical sequence (3D FFE T1) with 1 mm3 voxels.
DataSet_2_Compare included two separate sessions
with four fMRI runs each but acquired on two different
scanners. One session used the same Philips scanner
and imaging protocol as that for DataSet_1_Group, the
other session used an analogous imaging protocol on a
3T Siemens Prisma scanner with the vendor's 32ch
receive-only head coil (Siemens Healthcare, Erlangen,
Germany). The participant was awake with eyes closed
during the measurements.
Importantly, all the Philips data were exported with
an inverse scaling to ensure that the voxel signal intensi-
ties of any run/session/day would be comparable.30
2.1.3 | Taste task
During the acquisition of DataSet_1_Group, participants
identified different liquids or rated either their pleasant-
ness or intensity (for details, see Reference 31). The taste
stimuli consisted of chocolate and strawberry milkshakes
with different caloric content (low/high) and a neutral
liquid (artificial saliva). Each fMRI run comprised
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30 trials (drops), 10 trials per question type (pleasantness,
intensity, and identity).
In each trial, participants first saw a drop cue and
after 0.5 s received one drop of milkshake (2 s). After a
blank screen (0.5 s), a question was displayed for 3.5 s.
Finally, participants were instructed to swallow (1.5 s).
Intertrial intervals lasted 3 s on average. For the present
study, we focus on liquid delivery because it constitutes
the main event of our taste task.
2.2 | Data analysis
All analyses were performed in MATLAB (MathWorks,
Natick, MA) with the SPM12 software package32 as well as
custom-made MATLAB scripts. Three different analysis
pipelines were implemented to establish the voxel-wise
reproducibility of tSNR maps in the participant's native
space as well as in standard MNI space and to investigate
the predictive value of tSNR toward the subject-level statis-
tical results of the fMRI study. Both datasets and all three
processing pipelines were resampled using the third degree
B-spline interpolation in SPM.
2.2.1 | Preprocessing
Analysis_1_tSNR_Nat: Describes the calculation of
tSNR maps without general linear model fitting in the
native space of individual participant brains
For DataSet_1_Group, the four runs of each session were
realigned to the first volume of the first run, corrected for
Bo field distortions, high-pass filtered with a cut-off fre-
quency of 1/120 Hz and finally aligned to the partici-
pant's anatomical image via the mean of the realigned
and filtered time series. These steps were performed
using SPM12. For each of the 16 runs per participant, a
voxel-wise tSNR map was calculated by dividing the tem-
poral mean (tMean) by the temporal standard deviation
(tSTD) within each voxel. As measures of reproducibility,
we calculated the following voxel-wise maps for the
tSNR, tMean, and tSTD maps:
a. Coefficient of variation (CoV) across the 16 runs
b. Range over mean (RoM) across the
• sixteen repeats (RoMAll)
• four repeats of each session (RoMRep)
• first run of each session on Day 1 (RoMSes)
• first run of the first session of the 2 days (RoMDay)
• first run of each of the four sessions (RoM1st)
The RoM maps were calculated voxel-wise as
max of tSNR observationsb cmin of tSNR observationsb c
mean of tSNR observationsb c
because some of the comparisons were made over as few
as two repeats where extracting variance for CoV calcula-
tions would be unreliable.
As part of the normalization process, the
T1-weighted anatomical image was also segmented
into separate tissue types33 and the GM segment was
thresholded at 0.8. The GM mask was used for masking
the results for display in Figures 2 and 3. In Figure 2(B)
where the group-level average results will be given, the
GM mask was created by thresholding the MNI tissue
probability map for GM at 0.5. The thresholds were
chosen to provide GM masks that provide comparable
visualization of the individual and group-averaged
results.
DataSet_2_Compare, which consists of a single ses-
sion of four fMRI repeats from two different scanners,
was processed identically but, only the RoMRep (i.e., the
variability across different fMRI runs within a single ses-
sion) was calculated for both of the scanners.
Analysis_2_tSNR_MNI: Describes the calculation of
tSNR maps after the data were warped to MNI space
without general linear model fitting
DataSet_1_Group was treated as in Analysis_1 except
that tSNR, tMean, and tSTD images were warped to the
standard MNI space via the anatomical image of the
participant before calculating the reliability measures
for tSNR, tMean and tSTD. Warping to a standard
space is typical for fMRI studies. Therefore, we ran
Analysis_2_tSNR_MNI to determine what effects the
warping procedures might have on the reproducibility
of tSNR and to test its relationship to subject-level
t-values (see next paragraph).
Analysis_3_fMRI_MNI: Describes the calculation of
first-level t-value maps in MNI space
Each of the 16 realigned, Bo field corrected and high-
pass filtered time series for each volunteer in
DataSet_1_Group was smoothed using a 6-mm FWHM
isotropic Gaussian kernel. Then, we corrected for physi-
ological noise collected at the scanner via RETROICOR
using Fourier expansions of different orders for the esti-
mated phases of cardiac pulsation (third order), respira-
tion (fourth order), and cardiorespiratory interactions
(first order). We used the MATLAB PhysIO Toolbox34 to
create the corresponding confound regressors for the
subject-level fMRI analysis (details in next paragraph and
Reference 31). One of the four runs was excluded for
three participants because of multiple instances of
volume-to-volume displacement greater than 2 mm.
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(A) (B)
FIGURE 2 Variability measures for a single participant (native space) and the group-level average of the coefficient of variation (CoV)
(MNI space). (A) Reproducibility measures of temporal signal-to-noise ratio (tSNR; top row), temporal mean (tMean; middle row) and
temporal standard deviation (tSTD; bottom row) for a representative participant (#6). The tMean is a remarkably stable measure across
repetitions, sessions and even days. Therefore, variability in tSNR (i.e., tMean/tSTD) is clearly a result of variability in tSTD. Note that the
different columns have unique color scales and the CoV and range over mean (RoM) values are calculated across a different number of
observations (indicated by a white number in the bottom left corner of each column) as appropriate in each case. (B) CoV for tSNR, tMean,
and tSTD after normalization to MNI space and averaging across the 21 participants confirms the observation from native space for a single
individual in Part (A) [Color figure can be viewed at wileyonlinelibrary.com]
FIGURE 3 Variability measures of single participant (MNI space). Reproducibility measures of temporal signal-to-noise ratio (tSNR; top
row), temporal mean (tMean; middle row), and temporal standard deviation (tSTD; bottom row) for a representative participant (#1). The
findings in MNI space match those in native space. Accordingly, tMean is a much more stable measure and variability in tSNR (i.e., tMean/
tSTD) is mainly a result of variability in tSTD. Note that the different columns have unique color scales and the range over mean (RoM)
values are calculated across a different number of observations (indicated by a white number in the bottom left corner of each column) as
appropriate in each case [Color figure can be viewed at wileyonlinelibrary.com]
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Namely, the participants showed head motion higher
than 2 mm with both drifts and spikes for more than
25% of the volumes in the run. The possible relation
between tSNR and subject level t-values was investi-
gated in relevant regions of interest (ROIs) (described
below).
2.2.2 | Individual-level BOLD effect
Utilizing general linear models (GLMs) in SPM12, a
design matrix with four runs was created with the BOLD
time-series data in each voxel as the dependent variable.
To focus on the brain responses at the time stimuli
(visual images + drops of milkshake) were presented, we
modeled the milkshake delivery in each trial as boxcar
functions with duration 3.5 s and included 24 regressors
to control for physiological noise. We convoluted the task
onset regressors with the canonical hemodynamic
response function before entering them into the GLM.
2.2.3 | Regions of interest
The relationship between tSNR and t-values was exam-
ined in two anatomical ROIs: the striatum (striatum ROI)
and the supplementary motor area (SMA ROI) derived
from the AAL3 atlas in SPM.35 We selected the regions
that consistently activated when people see pictures of
food or taste food.36,37 Moreover, we ran a group-level
analysis in these ROIs to confirm that there was statisti-
cally significant activation in most of the voxels (p < 0.05
voxel-wise FWE-corrected).
Then, from each ROI, the mean tSNR and the mean
t-value were extracted and evaluated using Pearson cor-
relations within each participant or mixed-effects linear
regressions across all participants and runs. Separate
correlations were made across (a) the four runs in each
session and (b) all of the 16 runs from each participant.
The mixed-effects regressions were computed using the
lme4 package in R.38 These regressions sought to
explain variability in t-values across individuals and
runs as a function of a constant intercept and the tSNR
in the corresponding run. The regressions included
participant-specific intercepts and slopes for tSNR. In
order to test the added value of including tSNR in the
regression models, we compared the absolute value of
the errors between model-predicted and observed
t-values from a model including tSNR as a regressor
and a model that included only an intercept term that
captured the mean t-value. The absolute error values
from each model were used to construct the histograms
in Figure 5.
2.2.4 | Additional outcome measures
Additional analyses checked for confounds of demo-
graphic data such as age and body mass index (BMI). We
correlated this information for each participant with the
tSNR signal extracted from the two ROIs, averaging
across runs and sessions. Possible correlations between
the time laps between Day_1 and Day_2 and the differ-
ence in the standard deviation of the mean tSNR calcu-
lated in each day were also tested. Moreover, we
investigated the variability in the mean tSNR across runs
and sessions to look for potential noise given by time-of-
day or subject-related physiological effects.
3 | RESULTS
3.1 | tSNR reproducibility in
native space
Analysis_1_tSNR_Nat on DataSet_1_Group examines
variability in the participants' native space (Figure 2(A)).
Both the CoV and RoM measures of tSNR show a large
amount of variability. Notably, the RoM across the
16 repeats (RoMAll) indicates that repeated scanning of
the same individual using an identical sequence can pro-













FIGURE 4 Data from two scanners confirm that temporal
signal-to-noise ratio (tSNR) variability is not scanner specific. The
RoMRep measure for the single participant in DataSet_2_Compare
and from a single session on two separate scanner models results in
similar levels of variability in voxel-wise tSNR. Both axial (top) and
sagittal (bottom) orientations are shown [Color figure can be
viewed at wileyonlinelibrary.com]
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the mean of the observations. Therefore, using tSNR as
an outcome measure to evaluate the benefits of new
hardware or pulse sequence variants would be reasonable
only for very large effect sizes and/or very large samples.
The bottom two rows of Figure 2(A) display the same
measures of variability for the component parts of tSNR,
and reveal that the surprisingly large variability in tSNR
is mainly due to a fluctuation in tSTD from run to run,
while tMean of the 16 runs remains relatively stable.
3.2 | tSNR reproducibility in MNI space
Calculating the CoV and RoM measures for tSNR,
tMean, and tSTD after warping the images to MNI
space (i.e., Analysis_2_tSNR_MNI) produced similar
results both on an individual level (Figure 3) and
when averaged across the entire DataSet_1_Group
(Figure 2(B)).
3.3 | Scanner comparison
Running the Analysis_1_tSNR_Nat pipeline on
DataSet_2_Compare confirms that the variability in
DataSet_1_Group is not a specific problem of the scanner
type or this particular scanner installation (Figure 4). The
RoMRep values were computed across the four repeated
runs of the same fMRI sequence and show similar vari-
ability for both 3T scanners, and can be up to 50%.
3.4 | tSNR vs t-value in ROIs
We did not observe a consistent relationship between
mean tSNR and mean t-value in two relevant ROIs where
significant activation was seen at the group-level during
the milkshake taste task (Figure 5). Within neither ses-
sion (first row) nor participant (second row) was there a
consistent positive correlation that would indicate that
FIGURE 5 Correlations
between mean temporal signal-
to-noise ratio (tSNR) and mean
t-value for each participant in
two regions of interest (ROIs).
Correlations are shown within
both the striatum ROI (left) and
the SMA ROI (right). Each point
represents a functional magnetic
resonance imaging (fMRI) run.
The plots in rows 1 and 2 display
linear fits (colored lines) across
the 4 runs of each session for
each participant, and all 16 runs
for each participant, respectively.
Each participant is shown in a
different color. The histograms
in the third row show the
absolute error from two linear
mixed effects models that seek to
explain the variability in t-values
as a function of tSNR plus
participant-specific means
(blue), or only the participant-
specific means (red). The
overlapping error distributions
indicate that including tSNR
does not significantly increase
the model's ability to explain the
variance in t-values across
participants and task repetitions
[Color figure can be viewed at
wileyonlinelibrary.com]
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tSNR was a good predictor of the resulting t-value on an
individual level. Finally, we compared mixed-effects
regression models that included tSNR as a predictor of t-
values across all runs and participants to null models
including only an intercept term with regard to the
resulting absolute error between model-predicted and
observed t-values (Figure 5, bottom row). Including tSNR
as a predictor in the model did not significantly reduce
the error in either the striatum or SMA ROIs (t = 0.75,
p = 0.45; t = 0.43, p = 0.67, respectively).
3.5 | Other outcome measures
In both the SMA and the striatum ROIs, we found an
unexpected, but consistent and statistically significant
(A) (B)
(C)
FIGURE 6 Differences across runs and sessions of the mean and standard deviation of temporal signal-to-noise ratio (tSNR). Each point
represents either the mean (1st row) or the standard deviation (2nd row) across the four runs in each session of the region of interest (ROI)-
averaged tSNR in the striatum (A) and the SMA (B) for a given participant. The four sessions are color coded only for visual guidance. The
standard boxplots represent the median value as well as the 25th and 75th percentiles, while the whiskers include all the data that fall
within the 95% confidence interval. The gray lines connect the data for each participant between the two sessions within each day (Sessions
1 and 2 on Day 1 and Sessions 3 and 4 on Day 2, respectively). The p-values are the result of two-tailed Wilcoxon tests and n.s. stands for
nonsignificant. Note the drop of mean tSNR in Sessions 2 and 4 (i.e., the afternoon sessions). To ascertain robustness of this finding we
investigated each run separately. Panel C provides Runs 2 and 4, where each point represents the mean of the ROI-averaged tSNR values
across the 21 participants and the sessions are color coded only for visual guidance. The tSNR of the afternoon session was lower in every
run (Runs 1 and 3 not shown) [Color figure can be viewed at wileyonlinelibrary.com]
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decrease in the mean tSNR in the second session on
each day (Figure 6(A,B)). This was true not only on
average for the session but when each run within a
given session was scrutinized separately (two of the
four runs given in Figure 6(C)). This repeated pattern
might be due to time of day effects39 and may originate
from the scanner (e.g., different temperature, the scan-
ner warms-up by the second session compared to the
first one) and/or the participant (e.g., physiological
considerations or positioning). Specifically, in the
DataSet_1_Group, the participants performed the task
in two different satiety states, hungry (early morning),
and fed (early afternoon).
Further, we found no significant association between
tSNR and the possible confounds of age and BMI. Nor
was there a significant difference in the variability of
tSNR measures between the 2 days that would have indi-
cated a longer-term change in daily scanner stability
(Figure 7).
4 | DISCUSSION
We found that tSNR, which is widely used for evaluating
the quality of data or efficacy of a given method, itself has
poor reliability in vivo. More specifically, on repeated
measures, the voxel-wise tSNR varied by up to 80%. With
such high variability, in-vivo tSNR may not be a reliable
outcome measure for testing incremental improvements
in fMRI methods.
We alluded to a thought experiment in Section 1, in
which tSNR was proposed as an outcome measure for
optimizing the Ernst angle in an fMRI experiment with
short TR. If the variability of tSNR on repeated scans can
be up to 25% (see CoV in Figure 2), such an experiment
would be challenging to carry out. It would require a
group of 52 participants to identify even as large a differ-
ence as 10% in tSNR at a power of 0.80.
Applying such practical procedures, involving many










tSNR and age (A) as well as
mean tSNR and body mass
index (BMI) (B) for each
participant averaging across
sessions in both the striatum
(left) and the SMA (right)
regions of interest (ROIs).
(C) Pearson correlations
between the difference in days
(day2–day1) and the difference
in the standard deviation of
tSNR values calculated for the
eight runs on each day (std of
tSNR day2–std of tSNR day1)
[Color figure can be viewed at
wileyonlinelibrary.com]
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has been widespread in the effort to optimize fMRI
experiments. Because these efforts often proceed with-
out a handle on the underlying reproducibility of the
outcome measure (e.g., tSNR), the reliability of these
improvements is hard to infer. Even when a certain
report involves a group of participants or repeated mea-
sures on a phantom, it is often the case that parameters
are varied until an effect is found and that result is pub-
lished with a recommendation for the final procedure
used.29 However, the reproducibility of these results in a
separate group of participants or another set of measure-
ments on phantoms is seldom investigated.
The findings in this report caution against such prac-
tices. Future efforts should factor the in vivo tSNR repro-
ducibility level when designing studies or include empirical
evidence that the planned experimental procedure (includ-
ing scanner type, image processing pipeline, etc.) leads to
lower variability in the voxel-wise in vivo tSNR.
Importantly, variability in results can originate from
factors before data acquisition, including scanner choice,40
interindividual variabilities,41 for example, in head posi-
tioning in a multichannel coil with nonuniform SNR,42
head motion,43 and acquisition parameter settings.44,45
Variation can arise even after the actual acquisition of
data, with examples including choice of analysis soft-
ware46 and choices within the processing pipeline.47
The present study encompasses many of these sources,
but not all, and as such, it is likely that we report an
underestimation of the total variability in tSNR.
This study does have some potential limitations that
should be addressed in future work. First, DataSet_1_Group
included only adult female participants, and thus our
results are not necessarily representative of the general
human population. The tSNR may be even less reliable in
children, the elderly, or those suffering from neuropathol-
ogies. Second, it may be considered a limitation that tSNR
maps were calculated before smoothing or corrections for
autocorrelations as well as cardiac and respiratory signal
variability, while the t-value maps were calculated after
those processing steps. However, we deliberately proceeded
in this way to capture signal variability from all sources.
Smoothing would have artificially masked some of the vari-
ability in tSNR—a counter-productive exercise. Concerning
physiological noise and autocorrelation, we must remember
that we are not interested in tSNR per se. We are interested
in its variability. However, even if our measure of tSNR is
somewhat incorrect (i.e., physiological noise can decrease
it, while autocorrelations can increase it somewhat) we
would not expect an up to 80% difference on repeated mea-
surements.34 Furthermore, it is important to note that the
TR of the time-series data acquisition was over 2 s; there-
fore, the impact of autocorrelations will be less severe.48
5 | CONCLUSIONS
We found that tSNR, extracted from repeated scans of
the same individuals, is highly variable. Because of its
wide use as a measure of data quality for fMRI studies
and for evaluating incremental improvements in acqui-
sition and processing methods, this variability in tSNR
is disconcerting. With cognitive neuroscience focusing
on small, even layer-specific, functional signals and
medical approaches aiming to identify or treat disease
in early stages based on subtle alterations, the voxel-
wise reproducibility of tSNR is particularly relevant. We
recommend incorporating the level of reproducibility of
tSNR we report into the power calculations while plan-
ning future studies or to run similar prestudies to estab-
lish a more relevant measure for the local variability in
tSNR at a given site.
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